We presenr a disrribured, srrrveillance sssrem rhar works in large and comp1e.r indoor envimnmenrs. 
Introduction
The goal of surveillance has changed from building surveillance systems using only a single, powerful camera to huilding systems deploying many cheap cameras. These systems often require tracking multiple people and recognizing their behaviors. Such problems have found no robust solutions with earlier techniques. The scenario we consider is the use of many static cameras tracking people's behaviors in a large and complex environment.
Understanding people's behaviors in the context ofvisual surveillance is of current interest. Much work has been done in this field. Rota and Thonnat [ I O ] propose a video understanding framework based on prior knowledge to infer human hehaviors. Castel er a1 141 describe the objects and their possible behaviors using conceptual knowledge. Galata er a1 151 use variable length Markov models to learn and recognize human behaviors. Ivanov er ul [ 6 ] represent object behaviors as a set of rules incorporating uncertainty, which allows the surveillance system to monitor people activities in a car park. To recognize human behaviors in noisy and uncertain domains, Buxton and Gong 131 construct a high level representation of object activities based on a Bayesian network. This model is applied in a traffic surveillance system to determine behaviors of the objects.
In this paper, we present a distributed surveillance system that works in large and complex indoor environments.
To effectively track and recognize behaviors of people, we propose the use ofthe Abstract Hidden Markov model (AH-MM) [I] , which is an extension of the Hidden Markov Model (HMM). This model is a computationally effective structure for dealing with a hierarchy of behaviors within a probabilistic framework and thus more scalable in terms of suweillance in large environments. A distributed framework involving a Kalman filter at the lowest level to track people is integrated with the AHMM to recognize behaviors. We demonstrate the results oC the system and show how it can answer queries about people's behaviors. The novelty of the method lies in the use of a hierarchical, probabilistic framework to model and track people's behaviors at different levels ofdetails. This allows for a scalable framework to he developed in the context of both the scale of behaviors and the size of the environment.
The paper is organized as follows. First, we describe how the system tracks multiple people using multiple cameras. Then, we briefly describe the AHMM, which we use as the underlying framework for representing and inferring people's behaviors. Finally. the experimental results show how the system works in a real scenario.
Tracking people
Our goal is to use multiple static cameras to track people moving in large and complex indoor environments. The system needs to track people well as they move from one camera's field of view (FOV) 
Behavior recognition

Abstract Hidden Markov Models
To recognize and monitor the people's behaviors over time, we need a framework for representing behaviors at different levels of abstraction. Funhermore. there i s a need to deal with the issue of uncerlainty and inaccuracy i n our observations due to the camera noise and the limitations of the low-level image processing modules. To meet these requirements, we employ the A H M M [I] , which can be con- 
Constructing the behavioral hierarchy
The method that wc use to construct a policy hierarchy in a spatial environment i s similar to the one described in [ 2 ] . 
Experimental results
We have implemented the surveillance system in a scene that consists of a corridor and the Vision lab (see Figure   I ). People enterkxit the scene via the left or the right entrance ofthe Corridor. The system has five static cameras, in The region hierarchy is shown in Figure 3 . It has three levels. The top level is the whole environment. The middle level has two regions: the Corridor and the Vision lab. The bottom level consists of six regions indexed from I to 6 (see Figure I ). The Corridor is divided into 2 regions: the news reading region (region 2) and the remaining area of the Corridor (region 1). The Vision lab is divided into four regions: the Linux scrvcr region (region 3). printer region (region 4). NT server region (region 6 ) and the remaining area of the Vision lab (region 5).
The policy hierarchy representing people's behaviors has three levels (see Figure 3) corresponding to the three levels of the region hierarchy. It is defined as follows. Firstly, we define the policies of the bottom level regions (region I , ..., region 6). In region I. four policies are defined to represent a person's plan of exiting this region by the lefllright entrance, entering the Vision lab or entering region 2. In region 5, four policies are defined to represent a person's plan of visiting region 3, 4 and 6 or walking around in this region. In each of the remaining bottom level regions (regions 2 , 3 , 4 and 6 ) . we define two policies: one represents a person doing a "special action" in the region and the other represents a person simply passing through the region. The special actions in regions 2, 3, 4 and 6 arc: reading news, using the Linux server, using the printer and using the NT server respectively. Next, we define policies for the middle level regions (the Corridor and the Vision lab). Three policies are defined for the Corridor representing a person's plan of exiting the Corridor by the lefvright entrance or entering the Vision lab. We define only one policy for the Vision lab, because a person in the lab eventually must take the only lab door to get out. Finally, we define two policies for the top level region (the whole environment) representing a person's leaving the scene via the lefllright entrance.
Consider two people entering the scene. Person I enters (4 With the AHMM model detined above and the sequence of observations of the two pcoplc, the AHMM inference algorithm [ I ] is run to infer the policies used by this person at various levels.
We can recognize the behaviors of the two people at various levels of details (Figures 5-7) . In each figure, each time slice lasts approximately one third of a second. Figure  5 shows the probabilities that person I exits the environment by the left os right entrance (denoted by plefia and prighr_e respectively). At the beginning, p,ef,-e decreases when person I goes further away from the left entrance (see the trajectory in Figure I ). Then, plefrS is constant from time slice 30 when person I is inside in the Vision lab. This is because only one middle level policy is defined for the Vision lab. When person I is in the lab, he must take this policy and his movement inside the lab is independent of his final exillentrance. prepre increases and approaches I when person I leaves the lab and goes towards the left entrance.
In contrast. prighrs falls to zero during this time.
We now look at the results of querying the bottom level policies. Figure 6 shows the distribution ofthe possible destinations of person 2 from time slice 35 to time slice I IO, when he is in region 5 (see the trajectory in Figure 2 ). We denote the probabilities that person 2 is visiting the Linux server region, the printer region, the NT server region or just walking around by P,_L;,~,,~, ~~~~i ,~~~ P,NT and pwlrmund respectively. As in Figure 6 . at time slice 35.
pwarnlrrld is quite high while other probabilities are low the NT server region (region 6), so P,NT increases while p,.prillrer decreases gradually. We are interested in the two people's actions in the scene. For example, we want to know whether person I is using the Linux server or simply passing through the Linux server region (see the trajectory in Figure 1) . We denote the probabilities that person I i s doing these actions by p l ,~i , 7 1 u and ppass respectively. showing that the system is not sure about the behavior of person I at this time.
From time slice 60 to time slice 160, p l ,~i n l w is nearly I showing that the system is almost certain that person I i s using the Linux server. This is hecause person 1 is in the Linux server region and the position is nearly unchanged during this time (see Figure I ).
Conclusion
Using the framework of AHMM, we have constructed a surveillance system using multiple cameras to recognize people's behaviors in large and complex indoor scenes. We have demonstrated how both the environment and people's 
